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Modern drug discovery and toxicological research are under pressure, as the cost of
developing and testing new chemicals for potential toxicological risk is rising. Extensive
evaluation of chemical products for potential adverse effects is a challenging task, due
to the large number of chemicals and the possible hazardous effects on human health.
Safety regulatory agencies around the world are dealing with two major challenges. First,
the growth of chemicals introduced every year in household products and medicines that
need to be tested, and second the need to protect public welfare. Hence, alternative
and more efficient toxicological risk assessment methods are in high demand. The
Toxicology in the 21st Century (Tox21) consortium a collaborative effort was formed
to develop and investigate alternative assessment methods. A collection of 10,000
compounds composed of environmental chemicals and approved drugs were screened
for interference in biochemical pathways and released for crowdsourcing data analysis.
The physicochemical space covered by Tox21 library was explored, measured by
Molecular Weight (MW) and the octanol/water partition coefficient (cLogP). It was found
that on average chemical structures had MW of 272.6 Daltons. In case of cLogP the
average value was 2.476. Next relationships between assays were examined based on
compounds activity profiles across the assays utilizing the Pearson correlation coefficient
r. A cluster was observed between the Androgen and Estrogen Receptors and their
ligand bind domains accordingly indicating presence of cross talks among the receptors.
The highest correlations observed were between NR.AR and NR.AR_LBD, where it was
r = 0.66 and between NR.ER and NR.ER_LBD, where it was r = 0.5. Our approach to
model the Tox21 data consisted of utilizing circular molecular fingerprints combined with
Random Forest and Support Vector Machine by modeling each assay independently. In
all of the 12 sub-challenges our modeling approach achieved performance equal to or
higher than 0.7 ROC-AUC showing strong overall performance. Best performance was
achieved in sub-challenges NR.AR_LBD, NR.ER_LDB and NR.PPAR_gamma, where
ROC-AUC of 0.756, 0.790, and 0.803 was achieved accordingly. These results show
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that computational methods based on machine learning techniques are well suited to
support and play critical role in toxicological research.
Keywords: in silico, toxicology, tox21 data challenge 2014, machine learning, data-mining, cheminformatics,
predictive toxicology
INTRODUCTION
The average person is exposed to hundreds of chemicals not
found naturally in the human organism during his lifespan.
Xenobiotic man-made products can be found in wide range
of cleaning and healthcare products, as food additives or
drugs ingredients among others in various concentrations and
mixtures. Advances in modern combinatorial chemistry have led
to an unprecedented growth of synthetic chemicals availability on
the market. Over the course of the last five decades the number of
registered organic and inorganic substances in Chemical Abstract
Service (CAS) Registry database grew well over 33 million,
when in the 1965 the number was barely exceeding that of 200
thousands (Binetti et al., 2008).
Chemical toxicity may cause life-threating adverse effects
on human health, therefore it is necessary to conduct regular
risk assessments to ensure and protect public safety (Landrigan
and Goldman, 2011). Hazardous toxicological effects on human
health that may result due to short or chronic exposure to
toxic chemicals include acute toxicity, toxicity to reproduction,
mutagenicity and carcinogenicity (Binetti et al., 2008).
The traditional paradigm in toxicity testing consists of in vivo
toxicology, where compounds are tested in various and usually
high concentrations against tens or even hundreds of rodents
or other animals (Merlot, 2010). This paradigm in toxicity
testing is not feasible in modern toxicological research due to
the large number of chemicals that need to be tested, the high
cost of animal models, low throughput readouts, ethical issues,
often contradictory findings and poor extrapolability to humans
among others and have been extensively discussed in literature
(Sun et al., 2012; Calafat et al., 2015).
Safety regulatory agencies are currently dealing with two
major challenges. First, the increased number of chemicals
that need to be tested for potential harmful effects on
human health and second, the time and cost required to
evaluate those chemicals (Hartung, 2009). Hence, novel and
more efficient assessment methods for evaluation of potential
toxicological effects are in high demand. Alternative avenues
are currently being explored for chemical risk assessment
using in-vivo and in-vitro approaches, such as human cell-
based assays and high-throughput screening technologies (HTS;
Ekins et al., 2005; Inglese et al., 2006; Shukla et al., 2010).
Quantitative high-throughput screening (qHTS) technology has
emerged as powerful and efficient way to alleviate limitations
of single-point concentration HTS screening and allow to
study complex toxicological mechanisms to specific pathways
of targeted organs that may lead to disease (Inglese et al.,
2006; Lock et al., 2012). qHTS is a titration-based screening
approach that utilizes modern screening technologies, such as
high-sensitivity detectors, low-volume dispensing and robotic
plate handle (Inglese et al., 2006). As opposed to single-point
concentration HTS screening, which typically suffers from
large number of false positives and false negative readouts,
qHTS is capable of identifying and efficiently elucidating
structure-activity relationships (SARs) from primary screens.
Furthermore, qHTS screening allows thousands compounds
(>104 compounds) to be evaluated in different concentrations
in cell models in an unprecedented rate (Schmidt, 2009; Attene-
Ramos et al., 2013).
Computational approaches for modeling pharmacological
and toxicological data combined with powerful data mining
algorithms have been steadily gaining popularity by public
and private bodies over the last decades (Muster et al.,
2008; Kavlock and Dix, 2010). In-silico approaches utilize
experimental data generated by in-vivo and in-vitro screening
technologies and combined with cutting-edge data mining
and cheminformatic techniques are capable of developing
powerful predictive models. Such models could be applied
to “virtually screen” thousands of chemicals for potential
unwanted reactions early on during development cycles or
to re-evaluate existing ones. In silico approaches can be
applied to generate testable hypothesis for chemicals and direct
experimentation toward the most likely unwanted interactions,
which can then be validated or invalidated. Hence, in-silico
approaches could become the “next big thing” as decision-
making tools during the development and risk assessment
stages. Therefore, computational approaches could provide more
efficient utilization of the limited experimental resources.
The Toxicology in the 21st Century (Tox21) consortium is a
major collaborative effort involving several agencies, the National
Institutes of Health (NIH), the Environmental Protection Agency
(EPA), and the Food and Drug Administration (FDA), was
formed to develop and evaluate alternative risk assessment
methods (Dix et al., 2007; Judson et al., 2009). A collection of
10,000 compounds composed of environmental chemicals and
approved drugs was screened for interference in biochemical
pathways of Nuclear and Stress receptor pathways and released
for crowdsourcing data analysis.
The datasets released as part of the data challenge were
generated by qHTS screening assays and contained compounds
activity data against 12 assays, seven of which were part of
the Nuclear Receptors (NR) and five of Stress Response (SR)
pathways. Nuclear Receptors (NR) are an important family of
transcription factors responsible for regulating gene expression
and have a wide range of key roles in organisms’ cell growth
and proliferation, metabolism and homeostasis (Olefsky, 2001).
Chemical interference by environmental pollutants or other
xenobiotic chemicals can disturb homeostasis and lead to
severe toxicities (Janošek et al., 2006). In vivo effects may
range from male feminization to reproduction disorders and
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have been linked with chemical interference of NR (Baker,
2001). Structurally members of NR family present common
features, which consist of a DNA binding domain (DBD), which
recognize and bind to specific DNA sequences, and a ligand
binding domain (LBD), which is located at the C-terminal
half, and is responsible for recognizing and interacting
with hormone molecules (Wurtz et al., 1996; Moras and
Gronemeyer, 1998; Bourguet et al., 2000). NRs included in the
challenge were Androgen Receptor (NR.AR), Androgen Receptor
Ligand Binding Domain (NR.AR_LBD), Estrogen Receptor
(NR.ER) and Estrogen Receptor Ligand Binding Domain
(NR.ER_LBD), Aryl hydrocarbon Receptor (NR.AhR) and
Peroxisome Proliferator-Activated Receptor gamma (NR.PPAR-
γ). Aromatase (NR.Aromatase), member of the Cytochrome
P450 protein family, responsible for the biosynthesis of estrogens,
was the last included assay part of the NR pathway group
(Simpson et al., 1994, 1997).
Cells respond to environmental stress factors, such as elevated
and extreme temperature ranges, DNA damages, environmental
and chemical toxicants and mechanical damages through a
number of mechanisms that belong to Stress Response (SR)
pathways (Fulda et al., 2010). Stress Response pathways are
responsible formaintaining cell and tissue homeostasis. Five such
biochemical assays were included in the challenge namely the
ATPase family AAA domain-containing protein 5 (SR.ATAD5),
which is involved in DNA damage response (Fox et al., 2012).
Heat Shock response Elements (SR.HSE), which are proteins
responsible for regulating the expression of heat shock genes
(Wu, 1995). Mitochondrial Membrane Potential (SR.MMP)
assays are used to evaluate chemically induced mitochondrial
toxicity (Varga et al., 2015). Mitochondrial membrane potential
changes are commonly measured using fluorescent dyes tools
and are linked with cell capacity to generate ATP (Perry et al.,
2011). Tumor suppressor protein (SR.p53), typically the p53
pathway is “off” and is activated when cells are under stress or
damaged, hence being a good indicator of DNA damage and
other cellular stresses (Vogelstein et al., 2000). Tumor suppressor
protein p53 is activated by inducing DNA repair, cell cycle arrest
and apoptosis (Levine, 1997). The fifth and last SR assay was
the antioxidant response element (SR.ARE) signaling pathway.
SR.ARE is responsible for regulating the expression of genes in
cells exposed to oxidative stress that can change the cellular redox
statues (Nguyen et al., 2003).
First the distribution of physicochemical space covered by
the Tox21 library by utilizing simple molecular descriptors,
the molecular weight (MW) and the octanol/water coefficient
(cLogP) were examined. This analysis was performed to obtain
an overview of the physicochemical space covered by the Tox21
library and the overlap between the training and testing datasets
released during the competition.
It’s been shown that chemicals can be active against
multiple targets simultaneously, which has been termed as
“polypharmacology” (Keiser et al., 2007; Klabunde, 2007). One
of the major limitations when analyzing public bioactivity
datasets is data incompleteness, which results to sparse bioactivity
matrices (Mestres et al., 2008). On the contrary the Tox21 dataset
provides a less incomplete bioactivity matrix across the 12 tested
assays allowing such analysis to be carried out. The goal here was
to investigate relationships between assays in bioactivity space
based on the reported chemicals activities across the assays.
Our approach to model the Tox21 data consisted of
utilizing circular molecular fingerprints combined with Random
Forest and Support Vector Machines by modeling each assay
independently. Circular fingerprints were selected for the study
as they have been previously shown to perform well in virtual
screening applications (Bender, 2010; Hu et al., 2012; Cereto-
Massagué et al., 2015). As machine learning techniques two
well-established algorithms in the field of cheminformatics were
selected and applied, namely the Random Forest (RF) and the
Support Vector Machine (SVM). Since their introduction to the
field of molecular modeling they have both been successfully
applied for a wide range of modeling tasks ranging from virtual
screening (Koutsoukas et al., 2011), QSARs/QSPRs (Dudek
et al., 2006; Guha, 2008) and to more recent proteocheometric
modeling tasks (van Westen et al., 2011). Random Forest (RF),
developed by Breiman, is an ensemble of unpruned classification
or regression tress formed by applying bootstrap samples of the
training data and random features selection in tree induction
(Breiman, 2001). On the other hand, the Support Vector
Machine (SVM), developed by Cortes and Vapnik, is a non-
probabilistic kernel-based supervised learning method that maps
input vectors into high-dimensional feature space where the
decision hyperplane is constructed (Cortes and Vapnik, 1995).
Our main hypothesis was that utilizing circular fingerprints
combined with supervised machine learning methods would
allow us to develop fast and accurate predictive models well
suited for predictive toxicology.
MATERIALS AND METHODS
In total three datasets were released by the Tox21 data
challenge team during the competition: The training set which
was designated to serve for model development and hyper-
parameters tuning, which from now on will be referred as
Tox21_10k, and contained initially 11,764 structures covering
activity measurements against 12 assays. The first released test
set, which was used to rank teams submissions during the early
phase of the competition, which from now on will be referred
as Tox21_LDB, and contained 296 structures. The final released
dataset was the external validation set, this dataset was used
for the final phase of the competition for model evaluation and
ranking teams’ submissions, which from now on will be referred
as Tox21_Ext_Valid, and contained 647 structures. Compounds
activities for the external dataset were made publicly available
only after the completion of the competition. Final teams
submissions were evaluated based on the generated predictions
on the external set Tox21_Ext_Valid set.
Data Preprocessing
Prior to modeling steps the datasets were pre-processed and
chemical structures standardized with the aim of retaining
only suitable structures for the following modeling steps. The
importance of data curation prior to modeling steps has
been extensively discussed in Fourches et al. (2010). Chemical
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structures were standardized using the ChemAxon Standardizer
software package and stored in SDF (ChemAxon Standardizer,
2014) with the options on: (i) remove salts and solvents,
(ii) disconnect metal atoms, (iii) remove fragments (keep
largest ones), (iv) add explicit hydrogens, (v) aromatize, (vi)
neutralize, (vii) tautomerize, (viii) mesomerize, the protocol
utilized is provided in the Supplementary Material named
“Stand_Prot.xml.”
The number of unique structures in the Tox21_10k was
measured to be 7,502 from the initial 11,764 and 295 for the
Tox21_LBD following the standardization process. Following
the structure standardization steps compounds activities were
normalized by applying the majority rule based on standardized
SMILES strings on a per assay basis. In cases where multiple
activities were reported against a assay the activity with the
most occurrences was retain, else were discarded as ambiguous.
Instances where only a single activity was present were retained.
Those cases could be attributed to variances in experimental
conditions, concentrations, levels of purity and different vendors
used, as was also stated by the Tox21 Team during the
competition. The number of total instances, the number of
active and inactive compounds as also the ratio of inactive/active
per assay is shown on Table 1. The number of total instances
per assay ranged from 5,747 for NR.Aromatase and up to
6,950 for NR.AR. The ratio of inactive/active instances per
assay ranged from 5.5, relatively imbalanced, for SR.ARE and
SR.MMP and up to 30.2, highly imbalanced, for NR.AR_LBD.
The final datasets that resulted from the above described process
are provided in the Supplementary Files “Sup_Tox21_10k” and
“Sup_Tox21_LDB.”
Molecular Descriptors
As molecular descriptors the Morgan Fingerprints (Circular
Fingerprints) with radius 3 were utilized, which are equivalent
to the extended connectivity fingerprints ECFP_6 (Rogers and
Hahn, 2010), with diameter 6. The open source RDKit library
(version 2014.09.1) was used to generate the molecular
fingerprints from the standardized chemical structures
(Landrum, 2015). The descriptors were generated as hashed
binary vectors of 1,024 bits length. Morgan fingerprints were the
only descriptor utilized during the modeling steps. Molecular
Weight (MW) and the octanol/water partition coefficient
(cLogP) were calculated using the MOE software package and
used to examine and visualize the physicochemical space covered
by the Tox21 library (Chemical Computing Group Inc., 2015).
Modeling Approach
Following the data pre-processing the two datasets Tox21_10k
and Tox21_LDB were merged to form one larger dataset that
was used for model development and hyper-parameters tuning,
shown in Figure 3. No external data outside of those provided
by the Tox21 Challenge team were utilized in any step of the
modeling process. RF and SVM were utilized as implemented in
the open-source machine learning library Scikit-learn (Pedregosa
et al., 2011).
Each assay/sub-challenge was modeled independently
following a single-task approach. 10-fold cross-validation was
applied to tune the hyper-parameters for each algorithm. As
performance metric the area under the ROC curve (AUC)
was used. Receiver Operating Characteristics (ROC) graphs
are commonly used in machine learning to compare and
visualize the performance of binary classifiers (Fawcett, 2006).
The area under the ROC curve (ROC-AUC) of a classifier
is a single scalar values represents expected performance,
and is equal to the probability that the classifier will rank
a random chosen positive instance higher than a negative
instance (Bradley, 1997). AUC takes values between (0,1),
where values equal to or smaller than 0.5 show that a classifier
performs no better or worse than random, instead for values
greater than 0.5 a classifier is expected to perform better than
random.
In case of SVM the radial basis function “rbf” kernel was
considered with values for Cost {103,102,101,1,10−1} and gamma
{10−4, 10−3, 10−2, 10−1, 1}. In case of Random Forest the values
considered for the number of trees was {50, 100, 300, 500, 1000,
1500} and number of features in each split {log2, sqrt}. The best
average AUC and the standard deviation observed over 10-fold
cross validation per assay by RF and SVM during the hyper-
parameter tuning are shown in Figure 4, named “Best RF 10-CV”
and “Best SVM 10-CV” accordingly. The implementations used
to tune RF and SVM using ROC-AUC as evaluation metric based
on the Scikit-learn are provided in the Supplementary Material
“RF_tune.py” and “SVM_tune.py.”
RESULTS
First the chemical space covered by the Tox21 chemical library
was examined by calculating and analyzing the distribution of
Molecular Weight (MW) and cLogP for the library, shown in
Figure 1. As mentioned earlier the total number of structures
counted was 7,502 in Tox21_10k, 295 in Tox21_LBD and 647
in Tox21_Ext_Valid following the pre-processing steps. Here it
was found that compounds had on average MW of 271.2 and
a median of 244.3 Dalton with 50% of compounds having MW
between 166 and 337 Dalton. In case of cLogP the average
value was 2.41 and median 2.39, with 50% of compounds
having values between 0.98 and 3.753. This analysis indicates
that a large portion of compounds included in the Tox21
library represent chemicals with drug-like properties, although
compounds withMW and cLogP values outside of those typically
occupied by drug-like molecules are not rare, e.g., compounds
with MW over 1,000 Daltons and cLogP lower than -1 or higher
than 6.
Next the relationships between assays based on bioactivity
profiles of the tested chemicals were examined. Relationships
between assays were calculated utilizing the Pearson correlation
coefficient r based on compounds activities across tested
assays (Todeschini et al., 2012), shown in Figure 2. The
analysis was generated using the R programming language
(Ihaka and Gentleman, 1996) and the “corrplot” package for
visualization, the R script is provided in the Supplementary
Material “CorrelationAssaysPlot.R” (Wei, 2013). A cluster was
formed between the Androgen and Estrogen Receptors and
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TABLE 1 | Number of data points per assay obtained following the standardization process.
NR-AR NR-AR NR-ER NR-ER NR NR-AhR NR-PPAR SR-ARE SR-MMP SR-p53 SR-HSE SR-
-LBD -LBD -Aromatase -gamma ATAD5
Total 7202 6714 6107 6912 5747 6493 6429 5790 5770 6739 6430 7027
Active 252 215 650 290 274 733 175 896 890 412 316 263
Inactive 6950 6499 5457 6622 5473 5760 6254 4894 4880 6327 6114 6764
Ratio of
Inactive/active
27.6 30.2 8.4 22.8 20.0 7.9 35.7 5.5 5.5 15.4 19.3 25.7
The dataset utilized for model development and hyper-parameter tuning resulted by merging the Tox21_10k and Tox_LDB datasets. The ratio of inactive/active instances per assay
ranged from 5.5 in SR.ARE and SR.MMP and up to 30.2 in NR.AR_LBD.
FIGURE 1 | Molecular Weight (MW) and cLogP distribution for the
Tox21 chemical library, (gold) Tox21_10k, (green) Tox21_LDB and
(purple) Tox21_Ext_Valid. For each color, the rug on x and y-axis represent
the areas that are more densely populated. On average the compounds in the
Tox21 library present MW of 272.6 and a median of 240.4 Daltons with 50% of
compounds having MW between 166 and 339. In case of cLogP the average
value was 2.476 and median 2.439, with 50% of compounds being between
1.045 and 3.811.
their ligand bind domains accordingly, which can be seen
on the top-left corner of the Figure 2, indicating presence of
cross-talks between the two receptors. The correlation between
NR.AR and NR.AR_LBD was found to r = 0.66 and between
NR.ER and NR.ER_LBD r = 0.5. Furthermore, correlation
of r = 0.39 between the NR.AR_LBD and the NR.ER_LBD
was observed, indicating that the two ligand binding domains
share some structural similarities that can accommodate similar
ligands. On the contrary, weak correlations were measured
between the NR.AR and the NR.ER_LBD as also between the
NR.ER and the NR.AR_LBD, where it was measured to be
r = 0.33 and r = 0.22 accordingly. The rest receptors
didn’t show any correlation between them as the highest
observed correlation didn’t exceed of r = 0.23 between
NR.ER_LBD and SR.p53 and of r = 0.21 between SR.p53 and
SR.HSE.
Our group participated in the competition under team aliases
frozenarm and ToxFit, where the first submission was based on
the results obtained modeling the data using SVM and the latter
based on RF independently. In all of the 12 sub-challenges our
modeling approaches achieved performance of at least 0.7 ROC-
AUC, only for the assay (SR.HSE) the results achieved by SVM
were below 0.7 (0.689), showing strong overall performance,
shown in Table 2 and Figure 4. As expected the performance
achieved by both algorithms during cross validation on the
training set and on the external set were different, as shown
in Figure 4, with the results achieved on the external dataset
being lower. These observed differences could be attributed
to several factors, e.g., structural differences between chemical
space included in the training and test set, imbalances among
inactive/active instances per assay and limitations of utilized
molecular descriptors to capture complex chemical features
responsible for the bioactivities. When comparing the results
achieved by SVM and RF on the Tox21_Ext_Valid, as shown in
Table 2, it can be seen that both algorithms achieved comparable
results, with RF achieving slightly better ROC-AUC in 7 out of
12 tasks, while SVM in 4 out of 12, and in 1 task (NR.AR) where
both algorithms achieved the same ROC-AUC of 0.744.
It worth noting that in our modeling approach no external
data besides of those provided during the competition were
utilized and only a single molecular descriptor was used, mainly
due to time constrains during the competition. Utilizing external
bioactivity data, e.g., from ChEMBL (Gaulton et al., 2012)
or PubChem (Wang et al., 2009) databases, and additional
molecular descriptors could potentially improve the performance
of the models on the external evaluation set.
DISCUSSION
Chemical toxicological risk assessment is a necessary step
to ensure public safety and to promote well-being. Potential
hazardous side-effects should be detected as early as possible
in order to allow informed decisions to be made regarding
the future fate of those products. Computational approaches
that combine experimental data generated by next generation
of high-throughput screening technologies, such as qHTS,
and powerful data mining techniques could provide valuable
predictive systems for the identification of potential safety
alerts for yet untested chemicals, while simultaneously reducing
unnecessary animal testing. Furthermore, collaborative research
initiatives such as the Toxicology in the 21st Century (Tox21)
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FIGURE 2 | Pearson correlation coefficient r between assays based on compounds activity profiles across the assays. A cluster was formed between the
Androgen receptor (NR.AR) and the Androgen receptor ligand-binding domain (NR.AR_LBD), where r was measured 0.66. The Estrogen receptor (NR.ER) and the
Estrogen receptor ligand-binding domain (NR.ER.LBD) had r = 0.5. Weaker correlation between the NR.AR_LBD and the NR.ER_LBD was observed (Pearson
r = 0.39) showing possible crosstalk between the ligand binding domains. The rest measured correlation were low and did not exceed r = 0.23 between the
NR.ER.LBD and SR.p53 and r = 0.21 between SR.HSE and SR.p53.
TABLE 2 | Performance achieved by our modeling approach using Random Forest (RF) and Support Vector Machine (SVM) measured by ROC-AUC per
sub-challenge on the external To21_Ext_Val.
Algorithm NR-AhR NR-AR NR-AR NR NR-ER NR-ER NR-PPAR SR.ARE SR.ATAD5 SR.HSE SR.MMP SR.p53
-LBD -Aromatase -LBD -gamma
RF 0.865 0.744 0.722 0.739 0.745 0.790 0.803 0.700 0.726 0.752 0.859 0.802
SVM 0.861 0.744 0.756 0.738 0.729 0.752 0.791 0.697 0.729 0.689 0.862 0.803
Our team participated in the Tox21 data challenge 2014 under team aliases frozenarm and ToxFit. Performance achieved per assay ranged from 0.7 for the SR.ARE and up to 0.865
ROC-AUC for NR.AhR. Our best achieved performance per assay is indicated in bold.
consortium with the support of the research community
could contribute toward the development of novel and
powerful approaches for predictive toxicological research.
These in-silico approaches could direct experimentation
toward the most likely toxic chemicals first, hence providing
a far better utilization of the limited experimental resources
and ultimately leading to safer chemical products reaching
the market or hazardous ones being removed from
circulation.
The modeling approach devised by our team to model
the Tox21 data challenge 2014 was based on simple circular
molecular fingerprints and supervised machine-learning
algorithms Random Forest and Support Vector Machine. Here
a single task approach was followed, where each assay was
modeled independently by RF and SVM. Overall the modeling
approach achieved decent performance with results achieving
strong performance measured by ROC-AUC equal to or higher
than 0.7. The described approach has the advantage of being
fast as it is based on simple circular descriptors, which can be
generated efficiently for large number of chemical structures and
utilized open-source software packages for the main modeling
steps. As expected both algorithms selected for the study, RF
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FIGURE 3 | Workflow followed to model the Tox21 dataset (the Tox21_10k dataset containing the initially released data for model development, the
Tox21_LDB used for leaderboard ranking and the blind dataset Tox21 External Validation Set for final model evaluation). (A) Structure standardization
step, (B) Activities normalization and molecular descriptors calculations. (C) Datasets Tox21_10k and Tox21_LDB were merged into one larger dataset that was
subsequently used for model development and hyper-parameters tuning. Final models were evaluated based on the generated predictions on the blind
Tox21_Ext_Val Set.
FIGURE 4 | Performance measured by ROC-AUC achieved by RF and SVM accordingly (shown as RF and SVM) per sub-challenge compared to the
top-1 reported performance. The best-reported results of the competition per sub-challenge are shown as Best Competition Submission. Best performance
achieved during hyper-parameters optimization for RF and SVM over 10-fold cross validation, both the best mean AUC and the standard deviation over the 10-folds
are shown as Best RF 10-CV and Best SVM 10-CV, respectively. Our submissions for the To21_Ext_Valid ranged from 0.69 AUC in SR.HSE achieved by SVM, worse
performance, and up to 0.865 for SR.AhR by RF, best performance.
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and SVM, showed good performance and achieved comparable
results on the external set.
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